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Abstract: In this article renewable energy support allocation through different types of auctions are
assessed. The applied methodological framework is auction theory, based on the rules governing the
German photovoltaic (PV) Feed-in Premium (FIP) auctions. The work focuses on bidding strategies
based on an extended levelised cost of electricity (LCOE) methodology, comparing two different set
of rules: uniform price and pay-as-bid. When calculating the optimal bids an iteration is developed
to find the Nash-equilibrium optimal bidding strategy. When searching for the bid function, not only
strictly monotone functions, but also monotone functions are considered, extending the framework
typically applied in auction theory modelling. The results suggest that the PV support allocation in
the German auction system would be more cost efficient using the uniform pricing rule, since many
participants bid above their true valuation in the pay-as-bid auction Nash-equilibrium. Thus from a
cost minimising perspective, the application of uniform pricing rule would be a better policy decision.
Keywords: pay-as-bid; uniform price; renewable; auction; optimal bidding
1. Introduction
The topic of this article is the allocation of renewable energy support through auctions.
The applied methodological framework is auction theory, based on the rules governing
the German photovoltaic (PV) Feed-in Premium (FIP) auctions. The work focuses on
participants’ bidding strategies. The main research question is how cost reduction of RES
projects and pricing rules of the auction affect the bidding and through that the support
budget. Can one pricing rule bring better results—lower overall budget—than the other in
an environment where many participants do not even need any support?
The costs of the bidders are calculated based on an extended LCOE (levelised cost
of electricity) methodology. Income is included during and after the support period,
since the project lifetime usually exceeds the support period. This uses an own electricity
wholesale price forecast and a distribution for investment costs, that generates an empirical
distribution for the modified LCOE values (indicated as LCOE’). This LCOE’ fits into the
auction theoretic framework, serving as the valuation of the participants, which is the
minimum strike price each bidder is willing to accept in order to realise its renewable
energy generation project.
To answer the research question two different systems are analysed in this work.
The first is the uniform price auction, where—as it is already proved in the literature, see,
e.g., [1]—all participants bid their true valuation. The second is pay-as-bid, which allows
strategic bidding, and is far more complex to model.
Compared to a “traditional” auction, the bidding is reversed. Typically the announcer
of the tender is the so-called seller, but in this case the announcer is a buyer, and all the
participants (the bidders) are sellers. This way the bid represents the support level, that is
acceptable for the bidders to realise their renewable projects. Thus, the winners would be
the ones with the lowest bids.
The optimal bids are calculated throughout the work using an iteration that leads
to the Nash-equilibrium optimal bidding strategy. When searching for the bid function
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not only strictly monotone functions are considered, but monotone functions as well, that
extands the framework typically applied in auction theoretic modelling. For a monotone,
but not strictly monotone bid function in a multiobjective auction, the revenue equivalence
theorem may not be met—as demonstrated by the results of this analysis.
While the model is rather specific (referring to the German PV auction rules) the
technique (the iteration for optimal bid functions) itself is more applicable and is an
important contribution to the literature. This may help find Nash-equilibriums, when the
expected revenues differ between the two pricing rules.
The auction is simulated using the optimal bidding strategy for the players, and
results for each pricing system are compared (e.g., highest and lowest winning bid, total
support expenditure, etc.) to each other and the latest available results of the real German
PV auctions.
The finding that total costs (total support allocated for the given capacity) are higher for
the pay-as-bid pricing rule than for the uniform pricing is an important policy conclusion
for decision makers still in the process of fine-tuning renewable auction frameworks.
Though several other factors need to be considered, hopefully this work can also contribute
to the discussion.
Motivation and Relevance
With the need for massive renewable energy capacity growth to achieve the energy
transition, choosing the right renewable energy support scheme is all the more important.
This connection between climate and energy policy is also reflected in the European policy
framework, with former National Renewable Energy Action Plans (NREAPs) replaced
by integrated climate and renewable energy related document, the National Energy and
Climate Plan (NECP). The submission of the first draft version was due at the end of 2018,
and the final documents a year later.
For all European Union (EU) member states renewable energy utilisation needs to be
increased: to facilitate this process, the EU sets different renewable energy share targets.
Targets for 2020 [2] and 2030 [3] were set differently. In case of the first, national targets
were introduced, while the 2030 targets are to be achieve by the EU as a whole. There was
also a common target for the EU for 2020, but then this was translated to national targets,
taking into account the different position and thus possibilities of different countries (both
from an economically and a renewable potential point of view). The following three targets
were set for 2020:
• 20% cut in greenhouse gas emissions (from 1990 levels);
• 20% of EU energy from renewables;
• 20% improvement in energy efficiency.
The 2030 targets were set with an entirely different logic. The first step was also to
specify the EU level targets, which are the following:
• At least 40% cuts in greenhouse gas emissions (from 1990 levels);
• At least 32% share for renewable energy;
• At least 32.5% improvement in energy efficiency.
These targets—unlike the 2020 ones—remained to be set for the EU as a whole.
This brings us to the question of “gap filling”—what will happen if approaching 2030
it seems the EU can not reach the target, how can countries be forced to do more? It is
possible that a central approach would be taken, some kind of a central, European support
scheme can be introduced. One idea is to organise a central auction, financed by Member
States (or those Member States that seem to lag behind), while renewable projects can come
from any member state [4].
Latest renewable energy share statistics [5] are only available for 2019, not for 2020 yet
(see Figure 1). Partly as a result of the coronavirus crisis, that led to lower consumption
levels, partly because of increasing renewable capacities for 2020 numbers were most
probably even higher, but it is not easy to tell yet whether the EU as a whole was able
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to reach the target or not, and it is even a greater challange to estimate this on a country
level. Green recovery, however, was one of the buzzwords in 2020, and by the end of the
year European Union leaders have agreed on an even higher target for 2030: the goal is
to cut greenhouse gas emissions by at least 55% by compared with 1990 levels. All this
underlines the importance of renewable energy related investments, especially in the
flagship electricity sector.
Figure 1. Renewable shares in the electricity (RES-E), transport (RES-T) and heating and cooling
(RES-H&C) sectors, source: own figure based on Eurostat data.
European Union legislation regulates the way renewable support can be allocated
in the electricity sector [6]. Early support schemes more than a decade ago led to over
subsidising of renewables in several countries, including Spain, Slovakia or the Czech
Republic. Cost reductions in renewable technologies were moving faster than the regulators
could respond to with commensurate support levels. This was the driver behind the
introduction of a new, competition based support allocation mechanism: auctions.
As a result of the new legislation (and also learning from others’ mistakes) several
countries have already implemented renewable support auctions in recent years across
Europe (e.g., Denmark, France, Germany, The Netherlands, Italy, Ireland, the United
Kingdom, Portugal [7] and also Hungary in 2019 and in 2020 as well), and beyond, in other
parts of the world: Zambia [8], Peru [9], Brasil and South Africa [7]. Energy Community
Contracting Parties—Albania, Montenegro, North Macedonia—have already organised
renewable support auctions [10]. These developments make this research relevant and
timely, as decision makers across Europe are in the process of fine-tuning the rules of their
auctions.
Germany is the logical candidate to serve as a basis for the modelling, as one of the
pioneers in renewable energy utilisation and support, the so-called Energiewende started
back in the 1990s. Germany has made significant strides, more than tripling renewable
electricity generation capacity in 2002 from 18.5 GW to around 74 GW by 2019 [11].
Germany started renewable auctions in 2014, and now organises at least three auctions
every year. With experience from pilot tenders and auctions themselves the rules were
fine-tuned year after year. This makes the German system ideal to analyse and model. The
key rules of the German PV auctions are the following:
• Technology specific tenders, only PV projects can apply (there are special combined
wind and PV auctions also, but they are out of the scope of this work).
• The support is a one-sided floating premium (participants bid price level (a strike
price), if market prices are lower, they are compensated and if higher they can keep
the total income).
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• Support period is 20 years.
• Project size is between 0.75 for ground-mounted PV (MW) and 10 MW.
• A bid bond of 50 AC/kW needs to be provided by participants.
• A single sealed pay-as bid auction is organised (some of the former auctions applied
uniform pricing rule)
• A price cap is set for the strike price, adjusted according to a pre-set methodology.
• Every year at least 3 auctions are organised (usually in February, June and October),
for close to 200 MW, which can be modified according to the installed capacities in
the country.
• Project promoters have a 2 year period to realise the investment to remain eligible for
the support with the original conditions.
• Support retracted for periods with at least six consecutive hours of negative prices
(based on EU rules).
Most of the above rules are incorporated into the model, but some are left out to keep
the model simple enough to make precise assessment of bidding behaviour.
To sum up, renewable auctions are very important tools to achieve the EU targets
in a least-cost way. It is important to understand the behaviour of participants, and plan
auctions that incentive players to bid according to true costs, so that countries do not
provide excessive subsidies.
2. Applied Methodology
In this section, first I highlight the most important former research connected to my
work. Then I summarise the most important assumptions underpinning the modelling
framework.
This begins with an overview of the calculation of bidders’ costs (valuation), that
improve the existing LCOE calculation methodology using an electricity wholesale price
forecast as an input for the LCOE’ calculation.
Then the auction model is presented in detail, with the necessary changes to arrive
at the German PV auctions. Finally, the iteration searching for the Nash-equilibrium bid
function is explained conceptually.
2.1. Former Research
Auction theory is a more and more popular research field. Its importance is also under-
lined by the latest Nobel-prize winners from 2020: Milgrom and Wilson “for improvements
to auction theory and inventions of new auction formats”.
Since the start of auction, in theoretical research it is very typical to compare different
pricing rules [12,13], both for single unit and multi-unit auctions. First price and second
price auctions (or for multi-unit auctions: uniform pricing and pay-as-bid pricing) are the
two mostly compared cases.
While some took a more theoretical approach (e.g., [14–16]), others observed electricity
markets ([17–20]), or different online marketplaces (e.g., [21,22]).
Many researchers try to find how close the bids are to the true valuation of the
participants, to determine how high the incentive is for “telling the truth”. According to
the theoretical results [23] bidding according to the true valuatio is a (weakly) dominant
strategy under uniform pricing, with some constraints. This makes the uniform price
auctions a good basis of comparison to find out what is the “cost of letting participants lie”.
In a pay-as-bid auction the question is how different are the bids?
As alluded to above, renewable support auctions are relatively young, outside of the
UK in 1990, Ireland in 1995 and France in 1996 [24] coming after 2000. It follows that the
literature itself is also in its early phase.
Besides effectiveness of auctions compared to administratively set support
levels [25–27] many different aspects of auction rules can be analysed, including the role of
penalties, state ownership, or reserve prices [28]. It is also typical to go beyong theoretical
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models, with experiments and simulations feeding analyis of empirical results [29–31],
comparing different rules (pricing and technology specific or technology neutral auctions).
The starting point of this model is the theoretical premise of [32,33] for German
renewable auctions, assuming fixed number of players, across each category. In their model
for uniform pricing all participants bid their true costs, while for pay-as-bid participant bid
after an optimisation process. At this point an assumed common knowledge distribution
is applied to other bids (assuming normal distribution). The authors analyse several
consecutive auctions, and apply learning. This paper only applies modelling to one
auction, and applying the iteration to find the Nash-equilibrium bid functions. The starting
point of the iteration, however, uses a similar bid distribution assumption.
In reality participants likely do not bid according to a Nash-equilibrium bidding
strategy, which would require very sophisticated calculations. However, finding Nash-
equilibrium is an interesting research proposal in any auction theory (or game theory)
model. Besides the LCOE′ calculation and values, this will add to the literature a compari-
son of the outcomes for the two pricing rules.
2.2. Modified Lcoe Calculation
The Levelised Cost of Electricity (LCOE) value stands for the cost per unit of produced
electricity taking into account all costs during the lifetime of the investment. This can be
translated to the income per produced electricity unit that makes the net present value of
incomes equal to the net present value of costs—thus it answers the question: what is the
minimum fix income need (in AC/MWh) that makes the investment profitable.
The common approach in the literature for calculating LCOE values to compare
different technologies leaves relatively large amount of data for the estimation of the LCOE
value of German PV investments. The German Energiewende is well-known and popular
research topic, and because many projects have already been realised inrelation, actual cost
data is also available.
As this approach is widely used, only detailed calculation of the modified LCOE are
included here. The inputs used in the calculation of this paper and in the literature are
summarised in Table 1. The assumptions for the former are placed in the last column,
including real values for all cash-flow elements, expressed in EUR2019. Own estimation
is applied to year 2020 (the research was carried out between March 2018 and August
2020, with some minor final modifications in the revision phase from December 2020 to
January 2021).
Table 1. Inputs and assumptions from the literature and for my own calculation, in brackets the minimum and maximum
values, source: [34–38].
Inputs Fraunhofer, 2018 Fraunhofer, 2015 Lazard, 2017 IEA, 2017 IRENA, 2018 Own Estimation,2020
Which year? 2018 2014 2017 2022 2017 2020
CAPEX (103
AC/MW)






nominal (WACC) 4.10% 7% 7.70%
(5.40–9.20%)
- 7.50% (real) 4.10% (real)
Lifetime 25 25 30 - 25 25
Another important input for the calculation is the amount of total electricity generation
from the PV plant, assuming the same generation profile that is used in the model applied
for electricity price forecast. This is the European Electricity Market Model (EEMM), devel-
oped by REKK (Regional Centre for Energy Policy Research), (for details, see [39]). In the
model all generation curves are based on historical data from the ENTSO-E Transparency
Platform ([40]). These data are adjusted so that only 24 types of hours are differentiated—
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within the day and within the year. This is a simplification, however, hours of the year can
be put into 24 relatively homogenous groups from a PV generation point of view.
The assumed profile is presented on Figure 2.
Figure 2. Assumed generation profiles of a day in the different times of the year, source: EEMM data.
Considering all above, the results of the own LCOE calculation are presented on Figure 3.
Figure 3. Own LCOE estimation referencing values from the literature, source: Fraunhofer, 2018;
Fraunhofer, 2015; Lazard, 2017; IEA, 2017; Irena, 2018; EEMM data.
Significant differences between the sources can be observed, and also in some cases the
same institute/research provides a wide range of data. The result of this own calculation
based on the above presented inputs is 70AC/MWh. Changing the WACC (weighted average
cost of capital) value to 7% ceteris paribus brings this to 88AC/MWh, while a (ceteris paribus)
lower investment cost (600,000 AC/MW) results in only 56 AC/MWh. Calculating with a
20 years pay-back time instead of 25, the LCOE is 78 AC/MWh. These are in line with the
numbers from the literature, international estimations being somewhat higher, and German
Fraunhofer somewhat lower.
In this auction theory model the LCOE value is calculated according to the above
presented logic and can not be treated as the cost of participants (or using the auction
theory terminology as their valuation). This is becuase the support is not the total income
per unit of generated electricity, but the premium that is paid if the electricity wholesale
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prices are not “high enough”. The other factor is, 25 years lifetime compared to the 20 years
support period.
As a first step, the difference between lifetime and support period must be ac-
counted for. In the first 20 years the income can come from the market, and the state
(in a form of a premium), and it can come only from the market in the last 5 years.
The Feed-in Premium (FiP) support system—or the so-called one-sided sliding pre-
mium used in Germany—begins with an investor needing to sell electricity on the market.
If the received price is lower than the strike price from the auction then the investor will
receive a premium, that amounts for the difference. If the market price is higher, the
investor keeps the total amount and the state does not have to pay anything. This is very
similar to the older Feed-in Tariff (FiT) support scheme, under which the investors had little
price related risks, with the state purchasing all of the generated electricity at a pre-fixed
price (“Tariff”).
Still, there remains some risk in the FiP system, as the support (the premium) is not
calculated for every hour, but only at the end of each month. The first step is the calculation
of the monthly reference price, that is the actual, PV generation weighted average wholesale
(day-ahead) electricity price. The support is the difference between the strike price and this
reference price. Each producer receives a support (in AC/MWh) for each unit of electricity
generated.
This means that if the average wholesale price weighted with the producer’s own
generation is higher than the reference price, the total support will be higher, compared to
the hourly settlement situation. If the generator’s own average wholesale price is lower
than the reference price, then the monthly settlement support will be lower compared to
the hourly settlement. This can incentivise producers to adjust their generation profile—if
it is possible [41], but it is not something used in this model where the generation curves
are assumed to be the same for all producers. This way the total support to be paid only
differs by a few percentage points for monthly and hourly settlements.
The second part of the modification is the inclusion of additional incomes. Addi-
tional incomes arise when the strike price is lower than the (reference) market price.
In some periods the total income per MWh will be even higher than the strike price.
Taking all this into account, the modified LCOE (from now on indicated as LCOE′)
will show the minimum strike price for a profitable investment (assuming the mentioned


























where n = 25 years, N = 20 years, ptm is the reference electricity price of month m in year t,
Etm is the total amount of generated electricity in month m of year t, LCOE′ is the strike
price that makes the NPV of total income equal to the NPV of total cost, (assuming r
discount rate, that equals to the assumed WACC value).
If the income from the market is not sufficient to turn the project positive, then it can
be proven that there is exactly one LCOE′ value, that makes the NPV of incomes and costs
equal (because the parts of the function containing LCOE′ are strictly increasing).
This way, the modified LCOE′ can be calculated, but still, it does not fit into the
auction theory methodology. To have a distribution of the LCOE′ values not a given or
fixed value is assumed for the investment cost but a distribution. It would be possible to
assume that generation and wholesale prices are stochastic, but this would make the model
too complicated, so both generation profiles and wholesale prices are fixed, and common
knowledge to all participants.
With investment costs, participants only know the distribution, except for their own
investment cost, that they know precisely. Based on this distribution, the distribution of
the LCOE′ value can be calculated, providing a distribution of the valuation of the players.
The distribution of the investment costs is specified according to the literature. The cen-
tral limit theorem states, that if a random variable can be formed as a sum of many inde-
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pendent random variables, then its distribution is normal. We can think of the investment
cost as the sum of the price of the PV panel, the price of the site, the installation costs, the
transportation costs, etc. Thus, normal distribution is assumed for the investment cost.
Two parameters still need to be defined: expected value and variance. For the former
the above presented estimation 800 AC/kW is applied. For variance a well-known property
of every normal distribution is used. This is the so-called 3-σ-rule. It states that the
probability of a realisation being no further from the expected value than “one standard
deviation” (σ) is 68.3%. This means, that the probability that the absolute value of the
difference between a random realisation and the expected value is smaller than σ is 68.3%.
P(µ− σ < x < µ + σ) = 0.683 (2)
The same probabilities for two and three standard deviations are 95% and 99.7%.
So when a random realisation is generated with a probability of 95% and 99.7% it will be
no smaller than the expected value minus 2 and 3σ, and no larger than the expected value
plus 2 and 3σ, respectively.
P(µ− 2σ < x < µ + 2σ) = 0.9545 (3)
P(µ− 3σ < x < µ + 3σ) = 0.9973 (4)
Using this rule, the distance of the different estimations from the expected value
(800 AC/kW) can be calculated, thinking of them as realisations of the sought distribution.
Since the numbers from Lazard (2017), and the upper values for 2018 (IRENA) seem to
be outliers, they are not taken into account—they are assumed to be realisations with
very small probability. The calculated distances (absolute values of the difference of the
realisation and the expected value) are the following Table 2.
Table 2. Distance of the different estimations from the expected value 800 AC/kW
Source Distance of the Minimum Distance of the Maximum Distance of the Average
Fraunhofer, 2018 −200 0 − 100
Fraunhofer, 2015 +18 +30 + 23
IEA, 2017 +4 +4 +4
IRENA, 2018 +92 - +155
Based on these calculations the values from the literature seems to be in a range of
(−200;+155) AC/kW distance from the expected value (800 AC/kW). If this distance is as-
sumed to be 2σ long, then the appearance of the outliers is an event with a 1−0.9645 = 3.5%
probability. Based on that, the assumed distribution for the investment cost is: I ≈ N(800, 100)
(where 100 is the standard deviation).
The last step to calculate the distribution of the LCOE′ is a forecast of electricity prices
over the next 25 years, using the EEMM model.
The EEMM covers 41 markets in 38 European countries. For every country a separate
demand curve is assumed, and on the supply side all power generation units are included
on a block level except renewable generators, where only the total installed capacity is used.
Each model run simulates one hour with no connection between the different simulated
hours. The equilibrium wholesale prices are calculated from the demand-supply balance,
taking into account domestic generation units and the possibility of cross-border trade.
The model assumes perfect competition: generators offer electricity on a marginal cost
basis (merit-order curves are calculated for each market), market participants are price tak-
ers and there is no capacity withholding, by producers or operators of interconnectors. The
model maximises the producer and consumer welfare throughout the whole modelled re-
gion. For further details on the modelling (including inputs and assumptions), see: [42,43]
(Most of the inputs are the same as the ones used for the SEERMAP—South East European
Roadmap modelling, a cooperation between REKK and Energy Economics Group of TU
Wien).
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Future electricity prices have an important role in this calculation, both in the support
period (possible additional income above the support), and in the last five years of the life-
time, where only incomes from the wholesale market are assumed. There is of course some
uncertainty in this price forecast, as in every modelling, but having hourly differentiated
prices can still be considered a rather sophisticated approach (e.g., in contrast to calculating
with yearly average prices).
Results of the calculation are presented in the following section.
2.3. The Modelling Framework
This model is based on the general auction theoretic framework, where participants are
rational and risk neutral. The given distribution for their valuation is common knowledge
among everyone. The auction is symmetric with the same valuation distribution for all.
Participants know their own valuation realisation, but do not know the exact valuation of
others (only its distribution). The players optimise their bid to have the highest expected
utility.
While participation is not free in the German PV auctions (e.g., because of the bid
bond, and other administrative burdens) it is a normal approach in the literature so that
the utility of losing is 0. Thus, the formula of expected utility is reduced to the probability
of winning multiplied by the utility of winning.
The literature typically also assumes strictly monotone bid functions, whereby the
probability of winning can be calculated from the valuation distribution of others. In case
of monotone (but not strictly monotone) bid functions, however, this is not the case. In this
situation, the probability of winning can be calculated from the distribution of others’ bids,
which can differ from the distribution of their valuations.
In order to be able to calculate the bid distribution we need to know or assume some-
thing about the optimal bid function. The literature has two methods for this: (i) finding
the Nash-equilibrium bidding strategy, revealing the bid functions that are best responses
to the bid functions of other players (see details in Section 2.1) (the bid function that is the
best response is the one, that gives the utility maximising bid in case of all valuations when
the bid functions of other players are fixed); and (ii) making some simplifications. Instead
of finding the Nash-equilibrium, participants make assumptions regarding the behaviour
of other participants, and optimise their bids accordingly (e.g., [32,33]).
The model used in this study combines these two approaches: the iteration with a start-
ing assumption regarding the bid distributions, then searching for the Nash-equilibrium
bid functions.
The Model of the German PV Auction
This section provides a deeper introduction to the German PV auction system applied
to the modelling for this study. Some of the original rules are left out for simplicity to focus
on the bidding behaviour of participants.
The German PV auction applies a pay-as-bid rule, where the constraint is given in
capacity (MWs). The sliding (or floating) premium is measured as ACct/kWh but for the
purpose of this study AC/MWh is used (as wholesale electricity prices are also typically
published in AC/MWh). The support is specified for every generated unit (MWh) of
electricity.
The capacity constraint was close to 200 MW across all auctions in 2017, 2018 and 2019,
the exact amount is provided in Table 3. So this is used as the capacity constraint for this
model. Tables 4 and 5 show the number of participants of former auctions and average
project size.
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Table 3. The capacity constraints on the German PV auction (in MW), in 2017, 2018 and 2019,
source: [44].
Year I. Auction II. Auction III. Auction
2017 200 200 200
2018 200 182.5 182.5
2019 175 500 150
Table 4. Number of participants on the German PV auctions, in 2017, 2018 and 2019, source: [44].
Year I. Auction II. Auction III. Auction
2017 97 133 110
2018 79 59 76
2019 80 163 105
Table 5. The average project size on the German PV auctions, in 2017, 2018 and 2019, source: [44].
Year I. Auction II. Auction III. Auction
2017 5.0 4.9 6.9
2018 7.2 6.1 6.9
2019 5.8 5.3 5.3
Taking into account all of these data this modelling exercise assumes 100 auction
participant, with a project size of 5 MW, entirely symmetric participants, meaning that all
simulated auctions will result in exactly 40 winners and 60 losers.
There are two reasons for assuming symmetry: first, this is a technology specific
auction, so projects should be similar, and second, there is no information on the possible
differences (e.g., type of participants or location of projects).
After defining all inputs and assumptions the expected profit function can be formal-
ized. As presented above, this consists of the probability of winning multiplied by the
utility of winning. Hereinafter expected profit means the expected profit for each generated
unit of electricity. This way the same measurement unit applies for the valuation, the bid,
the strike price and the expected profit. With fixed generation profile and future electricity
prices the model stays general, as for every expected profit (in AC/MWh) the total expected
profit can be calculated throughout the lifetime of the project (in AC).
Thus, the expected profit, that equals the expected utility can be formalized by the
following:
Uj,w = bj − LCOE′j, (5)
where:
• Uj,w is the utility of winning for participant j
• (bj) is the bid of participant j;
• LCOE′j is the valuation of participant j.
In order to calculate the probability of winning a bid distribution of others must be
assumed. As mentioned above, for only strictly monotone bid functions the valuation
distribution would be enough, but for monotone but not strictly monotone bid functions
the bid distribution is needed. Let the assumed bid distribution function be F.
The logic of the model is the following. Participant j can win, if there is only maximum
39 other participants with a bid lower than his. The probability of any participant’s bid
being lower (or equal) than the bid of participant j (bj) is F(bj) (as this is the definition of
function F). The probability of any participant’s bid being higher than bj is 1− F(bj)
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Participants also calculate the possibility of a tie. In a scenario of equal bids, the
number of total winners does not change, and some of the bidders will be chosen randomly.
All in all, the following probability needs to be calculated: a maximum 39 bids being
lower than bj, and either no other bidder with the same bid (bj), or if bidder j is part of a tie
with the rest, he will be chosen randomly as a winner. Thus, from the probability of “there
is maximum 39 bids being lower than bj” the probability of “in that case there is a tie, and
bidder j is not chosen randomly as a winner” is deducted.
When this probability is calculated we need to take into account, that any 39, 38, 37, etc.
participant can put forth lower bids leading to different outcomes. These participants can
be chosen in (10039 ), (
100
38 ) or (
100
37 ) different ways. A similar logic applies to the tie situation.
Now all variables known to formalize the probability of winning. Following the
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This leads to the expected profit (or utility) function:





















min(40− i; l + 1)
l + 1
)) ∗ (bj − LCOE′j) (7)
This is the function that needs to be maximised in bj for a given LCOE′. The dis-
tribution of the bids can be found using a simulation: for 10,000 different LCOE′ values
(valuations) the optimal bid (bj) can be calculated, meaning 10,000 different bid realisa-
tions will lead to the distribution. The bid function can also be found by connecting the
valuations and the bids.
2.4. Finding Nash-Equilibrium
This section explains in detail the applied methodology for searching for a Nash-
equilibrium bidding strategy for uniform pricing and pay-as-bid pricing rules. As they are
significantly different, they are analysed separately.
2.4.1. Uniform Price Auction
As mentioned before, a uniform pricing rule dose not reuqire an optimisation algo-
rithm. A simple deduction can lead to the solution without any assumption for other
players’ bids (similar reasoning is included in (Krishna, 2010). This is because support
received by the winners are not in direct connection with their own bids. Winners are the
ones with the lowest bids, but the support they win is the lowest non-winning bid—which
is higher per definition than their bids. This way none of the winners are price setters, they
all receive a higher support than their own bid.
To maximise their expected utility they have to increase the probability of winning,
and the utility of winning. Under pay-as-bid auctions these two values can not be increased
at the same time (see details below). In a uniform pricing auction, however, the utility of
winning does not depend on the participant’s own bid, only the lowest non-winning bid,
which the participants have no influence over (through their own bids).
Thus, the probability of winning can be increased without decreasing the utility of
winning up until the point that the bid is not lower than the LCOE′. When it goes below
the valuation, the price setter’s bid can be lower than the valuation of the winner, making
Energies 2021, 14, 516 12 of 32
the utility of winning negative. To avoid this, the lowest bid should be the LCOE′, which is
also the optimal bid, because the lowest bid maximises the probability of winning.
This way the optimal bidding strategy is to “tell the truth”, bidding according to the
valuation. As this strategy is the optimal one regardless of other players’ bids, it is always
the best response to others’ bids, so the identity function as the bid function will lead to a
Nash-equilibrium.
2.4.2. Pay-as-Bid Auction
Finding the pay-as-bid auction Nash-equilibrium bidding strategy is more complex,
requiring the creation of a searching algorithm.
When maximising the expected utility the bid itself influences not only the probability
of winning but also the utility of winning, with the participant’s bid serving as its own
strike price. Bidding higher will increase the latter, but decrease the former—so a more
sophisticated algorithm is needed to find the optimal bid. In this situation the bidding
strategy does depend on the bidding strategy of others, so the assumptions become very
important.
In the literature, there are several ways for searching for or even calculating (if possible)
Nash-equilibrium bidding strategies. One group of algorithms are connected to solving
differential equations. In case of bid functions that have an inverse a typical approach
is to write the formula that leads to a differential equations, of which the solution is the
equilibrium bid function. However, many times these equations can not be solved without
a numerical iteration algorithm. This approach is followed by, e.g., [45–47]. As this work
covers non-strictly monotone bid functions as well, this approach is not followed here.
Ref. [48] searches for Bayes Nash Equilibrium (BNE) assuming discrete bids and
valuations on a single object auction. Authors analyse situations with different valuation
distributions and number of players and compare pay-as-bid and uniform pricing. In each
iteration they calculate the best response assuming a price distribution. From these a new
price distribution can be calculated, and is set as the assumed distribution for the next
iteration step. They stop once the assumed and the resulting distributions are identical.
In case of uniform pricing, they arrive to the equilibrium in only 2 steps, and they got
back the well-known result: bidding true valuation is the optimal strategy. In case of
pay-as-bid auction the number of iteration needed depends on the starting assumptions,
but on average 5 steps are needed.
Similar logic is used by [49], who analyses simultaneous ascending auction, that
allocates a set of M related goods among N agents via separate auctions for each good.
They define the so-called self-confirming predictions the following way: a prediction is
self-confirming if, when all agents follow the same predictor bidding strategy, the final
price distributions that actually result are consistent with the utilized characteristics of the
prediction.
This idea is also very close to the equilibrium definition used by [50]: we are in a
fulfilled expectations equilibrium, if when each firm uses its model and maximizes expected
profit, the joint distribution of signals and residual demand functions that is realized is
precisely the one given by its model. So once again, the main idea is to have a consistency
between assumed and resulting behaviour. That is what the following iteration also tries to
capture.
• As a first step, a given bid distribution is assumed for other participants, and the
optimal bidding strategy (the best response) is calculated.
• The next step compares the distribution of bids (taking into account the distribution
of valuations) coming from the best response of every player to the assumed bid
distribution. If they are equal, Nash-equilibrium has been reached. If not, this new
bid distribution will be assumed in the next step for other players’ bids.
• With this new bid distribution assumption, the optimal bids (for every possible
valuation) can be calculated again, and checked for Nash-equilibrium.
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• The iteration stops, when the best response is the same bidding strategy as the one
assumed for other players. In this case (because of symmetry) every players’ bidding
strategy is the best response for other players’ bidding strategy.
The starting point of the iteration is a normal distribution for others’ bids. The
parameters of the assumed normal distribution in this model are dfined as the parameters
of the empirical LCOE′ distribution: the expected value is 65.84, while the variance is 4.49.
This normal distribution is F1.
Based on [51,52] the stopping criterion in this algorithm is to have a lower than 0.2%
NRMSE value when comparing the resulting bids in case of step i and i-1. When the
iteration arrives to that point Nash-equilibrium is found.
3. Results and Discussion
3.1. Modified Lcoe Calculation
After all the above inputs are in place the LCOE′ values can be calculated. First, the
LCOE′ is calculated using an 800 AC/kW investment cost, arriving to 70.38 AC/MWh.
It is worth noting that for the “simple” LCOE value, the support period was set equal
to the lifetime of the project, so this value should be lower than the 20-year lifetime simple
LCOE while somewhat higher, than the 25-year lifetime (and support period!) simple
LCOE. The difference, however, is rather small, because in the last 5 years the wholesale
market prices are close to the LCOE′ outcome, and in the first 20 years there is some—but
not much—additional income from the higher than LCOE′ wholesale prices.
The value of this small additional income can be quantified assuming a FiT sys-
tem (or a two-sided FiP) for 20 years—the period which producers receive a fixed price,
and then 5 additional years on the wholesale market. The LCOE′ under these assump-
tions is 70.42 AC/MWh. This means, that the “value” of the possibility to keep the differ-
ence between market prices and the strike price (if the first one is higher) accounts for
70.42 − 70.38 = 0.04 AC/MWh.
Another very important quality of this modified calculation is that the income side
includes several items, not only the income from the support. This way it is possible for
the project to turn profitable without any support. If the investment cost is low enough
and the electricity price high enough, the LCOE′ value can be 0.
This way, the “critical investment cost” (if all other inputs are fixed) can be calculated:
which is the investment cost level to make the project profitable without any support.
Put another way, this is the investment cost that makes the NPV of incomes and costs equal
without any support. For a critical investment cost, the LCOE′ will be exactly 0. This value
can be calculated with different inputs: as shown on Figure 4, changing WACC (weighted
average cost of capital) values and different OPEX (operation and maintenance) costs result
in different critical investment costs.
Figure 4. Critical investment costs for different WACC and OPEX values, source: own figure.
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After calculating the LCOE′ value with different fixed investment costs the distribution
of LCOE′ has to be calculated, based on the assumed distribution of the investment cost.
As stated above, the LCOE′ calculation is an optimisation: 10,000 investment cost values
are simulated using the assumed distribution to calculate the LCOE′ values. This provides
an empirical distribution of the LCOE′ value. For investment costs lower than the “critical
investment cost”, 0 support is needed this is the minimum, since no one would ask for a
negative support.
The sorted LCOE′ values are presented in Figure 5. The first 759 elements are 0,
meaning out of 10,000 investment cost simulations 759 are lower than the critical investment
cost. For these projects it is assumed that project developers will take part in the auction,
since they can make their investment more profitable by winning. This model does not put
a cost on participation, so participation is incentivised.
Figure 5. Empirical distribution of LCOE′ calculated from the simulated 10,000 investment costs,
source: own figure.
3.2. Nash-Equilibrium Bid Function in Case of the Pay-as-Bid Auction
In the following subsection the algorithm is explained, and results summerised. More
details of the calculation, including the code and the data are available as Supplementary
Materials.
The first step of the iteration assumes a normal distribution for the bids of others,
with the mean and variance of the simulated 10,000 LCOE′ value, of which the cumulative
distribution function is F1.
Next the optimal bids are calculated for all 10,000 different simulated LCOE′ values.
This way I get 10,000 bids. From the point of view of another participant each of them
is equally possible to be the optimal one, as he does not know the exact LCOE′, just the
possible 10,000 valuations or the valuation distribution.
If this bid distribution is equal to the original, this signals a Nash-equilibrium—though
not necessarily the only one—because if all participants assume this bid distribution, then
the best response will lead to the assumed distribution making every participants’ bid
function the best response to others’. If the two distributions are different, then the optimal
bid function—assuming this new distribution—has to be tested in the next step of the
iteration.
To calculate the optimal bids the probability of winning needs to be calculated for the
different bids first. This is shown by figures in Appendix A.
There is a clear range of bids that are “in the game”: with a bid of 50 AC/MWh the
probability of winning is over 0.9999, while a bid of 70 AC/MWh has a probability of
winning less than 0.86× 10−5. The optimal bid can be calculated for all valuations using
these probabilities (for this step I used the command “optimize” of the program R).
In Figure 6, the optimal bids (y axis) and valuations (x axis) are shown. There is no
need to have the exact formula of the bid function at this point, the difference between
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them is visible from the figures. These are not actual functions at this point—here, the
valuation–bid pairs are presented.
Figure 6. The optimal bidfunction assuming F1 bid distribution, source: own figure.
To proceed the new bid distribution, F2 has to be specified. If the optimal bid for all
10,000 possible valuations leads to a distribution F1, then it is a Nash-equilibrium. If not,
further analysis is needed. It is possible, that the best response would be the same when
assuming F2 as in case of F1, but it would mean, the normal bid distribution leads to
Nash-equilibrium. Furthermore, as it is shown later, this is not the case.
In order to specify F2 10,000 optimal bid–valuation pairs had to be fitted. The first step
is sorting the optimal bids and depicting them on a graph. We can interpret this graph as
the probability of a bid smaller than the y coordinate of a given point is the x coordinate of
the given point divided by 10,000. Thus, because of the sorting, the probability of receiving
a bid (from this distribution) smaller than the 500th bid is 50010,000 , while the probability of
receiving a bid smaller than the largest bid would be 1 (1 = 10,00010,000 ).
This way, with some small modifications the inverse of the depicted function will be
the cumulative distribution function (from now on referred to as the distribution function).
The first modification is that instead of the sequence number (the x coordinate) the ten
thousandth of the number is used, to get probabilities.
The first part of the function represented by the horizontal line can not be inverted.
The probability of having a bid below the minimum is 0, while the value of the distribution
function for bids larger than the minimum bid would also be larger than the one ten
thousandth of the highest sequence number of minimum bids (in this case the value of the
distribution function will be larger or equal than 75910,000 for bids larger or equal than the
minimum bid, reflecting 759 bids with the minimum value).
The form of this bid distribution comes from the 759 cases out of 10,000 simulated
when the LCOE′ was 0, and without any support the project would be profitable (meaning
the expected return can be realised).
The formulas of the distribution functions are included in Appendix A. The distribu-
tion function defined above satisfies all conditions to be a distribution function:
F2(x) = P(X ≤ x),
values are between 0 and 1,
it is monotonically increasing, right-continuous,
limx→−∞ F2(x) = 0 and
limx→∞ F2(x) = 1.
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Having the new assumption for the bid distribution (F2) the optimal bids can be
calculated again. The new optimal bid function then can be compared to the one from
Step 1, when assuming F1. If these are not equal, then it is not a Nash-equilibrium, as
the best response for the others’ assumed optimal bidding strategy is different from the
assumed.
As a first step, the probability of winning is calculated for different bids. The new
probabilities are “shifted”: with a bid of 65 AC/MWh the probability of winning is larger
than 0.9999, while it goes down under 1% only at around 76 AC/MWh.
Using these results the optimal bid for the 10,000 different simulated valuations is
calculated. The bid function presented on Figure 7 shows a different bid function, so there
is another step in the iteration.
Figure 7. The optimal bid function assuming F2 bid distribution, source: own figure.
The two parts of the function are more distinguishable, with the first part being flatter,
then the function becomes steeper. Many participants have the minimum bid, however,
this minimum bid is larger than before.
To sum up, the two optimal bid functions are quite different, thus the iteration has to
continue, until reaching the Nash-equilibrium.
Next the bid distribution has to be calculated with the help of the bid function, sorting
the 10,000 optimal bids for the generated 10,000 valuations. Bids are on average higher
than last time, including the maximum bid, and there is a shorter distance between the
minimum bid and the next smallest bid. The new bid distribution function, F3 is presented
in Appendix A.
Then the probability of winning for different bids assuming F3 bid distribution for
other participants’ bids is calculated. From this, optimal bids for all 10,000 valuations can
be determined.
The first part of the bid function is even flatter, though, still not entirely horizontal,
and most bids are very close to 70 AC/MWh. The point of inflecion is even clearer before
the function turns into a steep, linear trajectory (see details on Figure 8).
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Figure 8. The optimal bid function assuming F3 bid distribution, source: own figure.
After sorting the optimal bids it is clear, that there is no longer a jump between the
participants with a 0 valuation and a larger valuation—their bids will be very close to each
other. From these sorted bids the new, F4 bid distribution can be calculated.
The probability of winning shows that the range, in which the probability is clearly
higher than 0 and smaller than 1 gets very narrow. The bid function is quite similar to the
one from in Step 3, with only minor differences (see Figure 9). The minimum bids increase
from 69.81 to 70.01 AC/MWh.
Figure 9. The optimal bid function assuming F4 bid distribution, source: own figure.
It is likely that this is very close to the Nash-equilibrium. In Figure 10 the magnitude
of the difference between the two bid functions is represented. Each valuation is one point,
for which the x coordinate is the optimal bid assuming F3 while the y coordinate is the
optimal bid assuming F4.
This shows that the two functions are very close to each other and the difference
can be found using the Root Mean Square Error (RMSE) value. For the 10,000-item-long
series the RMSE value is 0.17 AC/MWh. The Normalised Root Mean Square Error (NRMSE)
compares this to the mean of the data set—that is 73.39 and 73.45 AC/MWh respectively.
The NRMSE is less than 0.25% which can be considered rather low. It is close to the point
where the iteration stops (0.2%), but it is still higher than that.
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Figure 10. Optimal bids for given valuations assuming F3 and F4 bid distribution, source: own figure.
The two bid functions are close enough that it could almost be considered that it is
Nash-equilibrium. However, in each step it becomes clear, that the bid functions are getting
closer to a specific form: from entirely horizontal to a steepness of around 45 degree.
The following conjecture can be stated: the optimal bid function in a Nash-equilibrium
is the following. Under a valuation of 69.706 AC/MWh the optimal bid is 70.007 AC/MWh,
above that the optimal bid is 0.457 AC/MWh higher than the 99.78% of the valuation. The
exact function form is the following:
fN(x) =
{
70.007 if x < 69.706
0.99779x+0.457 if x ≥ 69.706 .
The last step is checking whether this is a Nash-equilibrium bidding strategy: assum-
ing this bidding strategy for others would lead to the same optimal bidding strategy.
The first task is calculating the optimal bids assuming fN bid function for all 10,000
valuations, and sorting them. This is presented on Figure A11 in Appendix A.
This shows that these bids are very close to the ones from Step 4—as the definition of
the bid function came from these outputs.
The first part of the function consists of the first 4672 bids: all of them are equal to
70.007 AC/MWh. This part of the function can not be inverted, but it is easy to interpret: the
probability of other participants’ bids to be less than 70.007AC/MWh is 0, thus FN(x) = 0 for
all x < 70.007. The probability of a bid 70.007 AC/MWh is exactly 467210,000 , so when x ≥ 70.007,
then FN(x) ≥ 467210,000 .
The next section of the function starts from the 4672th smallest bid. Exponential
and linear fitting is applied for the rest of the function (the RMSE of the fitted and the
original curve is 0.8934. Compared to the mean of the data sets (NRMSE—Normalised
Root Mean Square Error) the value is 1.2%). In this step it is rather important to have a
precise fitting method when the bid distribution that comes from the assumed bid function
is defined. A possible future extension of this work would be to apply a more automatic
fitting procedure, that can guarantee to have a well-fitted distribution function in all steps.
The new bid distribution can be calculated from the fitted curve. The distribution function
FN is presented in Figure 11.
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Figure 11. Bid distribution function assuming bid function fN , source: own figure.
Using this bid distribution the probability of winning and the optimal bids for all
valuations can be derived like before. The optimal bid function—assuming the bidding
strategy fN for other participants—is presented in Figure 12.
The graph illustrates that the assumed bid function is correct. The assumed and
optimal bids for all 10,000 valuations are presented in Figure 13.
Figure 12. Optimal bid function assuming fN bidding strategy from others, source: own figure.
To check that the assumed and optimal bidding strategies are the same the (N)RMSE
value can be applied: RMSE is 0.10, while NRMSE is 0.15% (mean values are 73.39 and
73.45). This is lower than the pre-defined stopping criterion 0.2%. This means that the two
bid functions are very close to each other. From this it can be concluded that the assumed
bid function, fN is a Nash-equilibrium bidding strategy: when every other player bids
according to this function, then the best response is this function, thus when all players use
this bid function it is a Nash-equilibrium.
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Figure 13. The assumed and the optimal bids for 10,000 valuations, source: own figure.
3.3. Auction Results with the Applied Nash-Equilibrium Bid Functions
In this section the results of the simulation of 100 uniform price and 100 pay-as-bid
auctions are presented. To make results more comparable the same 100 × 100 valuations
will be used throughout the simulations.
The first step is the simulation of the valuation for all 100 participants. Then, assuming
all participants use the Nash-equilibrium bid function all 100 bids can be calculated.
The smallest 40 bids are chosen as winners. In case of a tie, winners are chosen randomly.
Then the strike price for each winner can be specified, and the total support paid out (or
the net present value of it) can be calculated. This again uses own forecast for the electricity
prices (the same as assumed when the LCOE′ is calculated), as this is the best available
information.
The results from the two different rules (uniform price and pay-as-bid) are compared
according to the smallest and largest winning bid and the total support. They are also
compared to the former German PV auctions, taking into account that not all rules could
be implemented into this modelling. Since most of the data used for the LCOE′ calculation
is from before 2019, it should be compared with the results from 2017, 2018 and 2019.
As shown on page 12, the Nash-equilibrium bidding strategy is bidding the true
valuation under the uniform price rule. Thus, only results of the auction simulation are
summarised: the minimum and maximum strike price, and the net present value of the
total support.
For each simulation round a valuation “draw” is taken for each of the 100 valuations,
using the LCOE′ distribution (see details above). As these valuations are the bids them-
selves, they are sorted, then the 40 smallest are selected. The strike price is the 41th smallest
bid, this will be received by all winners.
The lowest strike price from the 100 auctions is 65.19 AC/MWh, and the highest is
70.86 AC/MWh. The mean value of the strike prices is 68.33 AC/MWh. These values can
be the starting point for comparison to determine how much it costs for the state not to
incentivise participants to “tell the truth” about their valuations.
The net present value of the total support to be paid in the next 20 years is calculated
using the strike price, the monthly average forecasted (and PV generation weighted)
electricity prices and the assumed total generation.
For every month the total support consists of the difference between the strike price
and the PV generation weighted average wholesale electricity price (in AC/MWh), multi-
plied by the total generation (in MWh). If it is negative, the total support for that month is
0. The assumed symmetry and uniform price rule lead to all 40 winners receiving the same
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amount of support, meaning the calculation is only needed for 1 participant, and then
multiplied by 40 to arrive at the total support. The net present value of the total support to







where, ptm is the PV generation weighted average monthly electricity price in year t and
month m, and r is the assumed discount rate.
The minimum support (from the 100 different auction outcomes) is 4.48 million AC, and
the maximum is 7.16 million AC. Out of the 100 auction outcomes the average net present
value of support over the next 20 year period is 5.93 million AC under the uniform price
rule.
For the pay-as-bid auction the most important result is the Nash-equilibrium bid
function. According to the literature [1] the participants typically do not tell their true
valuations, and ask for more support (or offer less when participants want to buy something
on the auction) than their true valuations, which is confirmed by this model.
Figure 12 shows that the participants always bid a higher value than their valuation.
With a valuation under 69.706 AC/MWh their bid will be 70.007 AC/MWh, no matter how
much lower their valuation is. This is the Nash-equilibrium bid for players with a valuation
of 0 as well. Above that, the optimal bid is 0.457 AC/MWh higher than the 99.78% of their
valuation.
Several bid values were 70.007 AC/MWh, which is surprising considering the mean
of the valuations is 65.84 AC/MWh (calculating from the 10,000 simulated LCOE′ values).
There are only 18 cases, with a higher strike price than that in the 100 simulated auction
rounds together.
To compare the resulting strike prices and support needs with the uniform price case
the calculation slightly differs. Each auction has 40 strike prices, where the support level










The mean of the support requirement is 6.74 million euros, while the most and least
expensive auctions have a cost of 6.75 and 6.74 million euros. This means auction results
are quite stable and, more importantly, in most, but not all of the cases, more expensive
than the uniform price auctions. The results are summarised in Table 6.
Table 6. Results of my own modelling for the pay-as-bid and the uniform price rules, source: [44] and own calculation.
Rule Mean of Strike Price AC/MWh Min Strike Price AC/MWh Max Strike Price AC/MWh Average Total Cost Million AC
Pay-as-bid 70.008 70.007 70.90 6.74
Uniform price 68.33 65.19 70.86 5.93
This is an important message for policy makers: according to this model when a
group of participants have a 0 valuation (no support is needed for them), and we consider
monotone (but not strictly monotone) bid functions, then the uniform price rule (on
average) leads to lower support requirements than the pay-as-bid rule, by incentivising
participants to bid according to their true valuations. Eventhough this is a special case
considering all of the limitations of the model, it is still an interesting and relevant result.
In case of the ordinary auction theory models (assuming bid functions that have an
inverse) normally the revenue equivalence theorem stands in most of the cases (see [1]).
This means that this work covers a specific different case. Similar results are included
in [48], where authors analyse discrete bids and valuations, and arrive to different bid
functions compared to the theoretical continuous situation. It is not stated explicitly, but
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conceivable based on the results, that the revenue equivalence theorem no longer stands in
their case neither.
As most of the former models include very different assumptions here the results are
compared to the actual German PV auction outcomes. The minimum and maximum strike
prices are compared in Table 7.
Table 7. Results of the German PV auctions and of my own modelling for pay-as-bid rules, 2017–2019,
source: [44] and own calculation.
Auction Mean of Strike Price Min Strike Price Max Strike Price
2017 I. auction 65.8 60.0 67.5
2017 II. auction 56.6 53.4 59.0
2017 III. auction 49.1 42.9 50.6
2018 I. auction 43.3 38.6 45.9
2018 II. auction 45.9 38.9 49.6
2018 III. auction 46.9 38.6 51.5
2019 I. auction 48.0 41.1 51.8
2019 II. auction 65.9 39.0 84
2019 III. auction 54.7 49.7 55.8
Results of my own model 70.86 70.86 70.86
The results indicate, that the modelled strike prices are rather high comparatively, the
only higher prices are observable from the larger (500 MW) auction in March 2019, which
can be explained by several factors. It could be a result of own cost calculation not being
reflecting precise actual costs. Furthermore, the bid ceiling was not introduced here for the
sake of simplicity.
Participants in real life may not calculate the Nash-equilibrium strategies and bid
according to them. This is an important limitation of this work, when it comes to policy
decisions. However, eventhough the calculation in this specific case is rather complicated,
it still can be assumed, that in case of such a large investment the participants are willing
to bid according to their best interest.
Unfortunately, we can not compare the difference between the real valuations and the
bids, since the information is not publicly available for exact costs of bidders. Only realisa-
tion rates of the projects for the first two auctions in 2017 are known, ending up near 100%:
98.85% and 96.74%. This means that the strike price in these auctions were at least as high
as the valuation of the bidders.
It should also be emphasised, that in the modelling a typical auction was considered:
with 100 participants and 200 MW capacity. The real auctions have similar but not identical
attributes. Changing these parameters can also bring some uncertainty regarding the
results, a possible future research could answer how robust are them when it comes to
different number of participants and winners.
In this model it is a novelty, that investors with 0 support participate in the auctions.
With PV cost reduction still underway this can happen in the near future. It is evident,
that this situation reveals different bidding behaviour, making the findings of this work
important for policy makers. The biggest takeaway is the following: uniform pricing rules
might lead to more cost efficient support allocation compared to the pay-as-bid pricing
mechanism, through incentivising participants to bid according to their true valuations.
4. Summary and Conclusions
This paper has presented the modelled bidding behaviour on the German PV auctions
using the framework of auction theory.
An important theoretical result of this work is the iteration used to find Nash-
equilibrium bidding strategies on pay-as-bid auctions. This iteration can be applied to
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other types of auctions, though the number of steps needed to arrive to Nash-equilibrium
can vary considerably. In the observed setting only a few steps are needed.
Beyond the theoretical realm, this work also provides concrete outcomes. The first
important numerical results are the LCOE′ values and their distribution. Accounting for
incomes other than support payments results in an interesting LCOE′ pattern: according
to the modified LCOE calculation around 7–8% of all participants do not need any sup-
port because their projects will be economical with revenues from the wholesale market.
However, it is assumed that they will participate in the auction hoping to receive support.
On the other hand, numerical results are obtained from the simulation of auctions.
Based on the information about the former PV auctions in Germany 100 participants and a
5 MW project are assumed for everyone. The total supported amount is 200 MW, leaving
40 winners. With a technology specific auction, symmetry can be assumed.
Following literature for the uniform price auctions all players bid according to their
true valuations. The support levels emerging from the 100 simulations vary between 65.19
and 70.86 AC/MWh, while the average strike price is 68.33 AC/MWh. The total average
support expenditure (calculating the net present value for the whole support period) is
around 5.93 million euro (all values are calculated in 2019 euros).
The results are telling for the pay-as-bid rule. The Nash-equilibrium bidding strategy
with a valuation under 69.706 AC/MWh is 70.007 AC/MWh. Above that, the optimal bid is
0.457 AC/MWh higher than 99.78% of the valuation. This bid function can be explained
mostly by the relatively large number of participants with 0 support need.
The expected value of the valuation of participants is 65.8 AC/MWh with a significant
number of participants having a lower than 70.007 AC/MWh valuation in each simulated
round. Across all 100 simulated auctions the highest winning bid is 70.90 AC/MWh, and
the lowest is 70.007 AC/MWh. Consequently, the net present value of the total support
expenditure is much higher, around 6.74 million euro.
These results come from a model that is based on the specific German PV auction
rules, however technology specific (thus basically symmetric) pay-as-bid auctions, with
capacity constraints are organised in several other countries including Greece, Spain and
Portugal. The actual auction results, and the form of the bid function or the number of
steps needed in the iteration can serve as a benchmark for other countries as well.
Possible future research directions might include the application of the model and
the iteration to other countries with similar auction designs, or for other technologies
(e.g., wind). The sensitivity of the iteration (the resulting bid function and the number of
steps needed to arrive there) might be tested to the starting valuation and bid distribution
assumption, the number of participants, and winners. A wider research endeavour might
also attempt to provide conditions for convergence in the iteration algorithm.
Supplementary Materials: The R code of the entire calculation and the data regarding electricity price
forecast and production are available online at https://www.mdpi.com/1996-1073/14/2/516/s1.
Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Acknowledgments: I would like to thank the continuous support of Gyula Magyarkuti throughout
my entire PhD research. I would also like to thank Gábor Virág and András Kiss for their valuable
comments and discussions. The work could not be carried out without the SEERMAP project, I
would like to thank the work of László Szabó, András Mezősi, Zsuzsanna Pató, Ágnes Kelemen,
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Appendix A. Figures and Distribution Functions in the Different Iteration Steps
Figure A1. Probability of winning in case of different bids, assuming F1 bid distribution, source: own
figure.
Figure A2. Sorted optimal bids, assuming F1 bid distribution, source: own figure.
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Figure A3. The F2 bid distribution, source: own figure.
Figure A4. Probability of winning in case of different bids, assuming F2 bid distribution, source: own
figure.
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Figure A5. Sorted optimal bids, assuming F2 bid distribution, source: own figure.
Figure A6. The F3 bid distribution, source: own figure.
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Figure A7. Probability of winning in case of different bids, assuming F3 bid distribution, source: own
figure.
Figure A8. Sorted optimal bids, assuming F3 bid distribution, source: own figure.
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Figure A9. The F4 bid distribution, source: own figure.
Figure A10. Probability of winning in case of different bids, assuming F4 bid distribution, source:
own figure.
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Figure A11. Sorted optimal bids assuming fN bid function, source: own figure.




0 if x < 55.17
759
10000 if 55.17 ≤ x < 55.17 + 10(−10)
759
10000 + (x− 55.17)
1060−759
10000
61.46−55.17 if 55.17 + 10
(−10) ≤ x < 61.46
1060
10000 + (x− 61.46)
9975−1060
10000
92.52−61.46 if 61.46 ≤ x < 92.52
9975
10000 + (x− 92.52
10000−9975
10000
99.77−92.52 if 92.52 ≤ x < 99.77
1 if x ≥ 99.77 .
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F3(x) =

0 if x < 67.65
759
10000 if 67.65 ≤ x < 67.65 + 10(−10)
759
10000 + (x− 67.65)
1060−759
10000
69.19−67.65 if 67.65 + 10
(−10) ≤ x < 69.19
ln(x−67.70)
0.00029∗10000 if 69.19 ≤ x < 84.21
9629
10000 + (x− 84.21)
10000−9629
10000
99.79−84.21 if 84.21 ≤ x < 99.79
1 if x ≥ 99.79
F4(x) =

0 if x < 69.81
759
10000 if 69.81 ≤ x < 69.81 + 10(−10)
759
10000 + (x− 69.81)
1060−759
10000
70.007−69.81 if 69.81 + 10
(−10) ≤ x < 70.007
ln(x−66.26)
0.00030∗10000 if 70.007 ≤ x < 85.04
9700
10000 + (x− 85.04)
10000−9700
10000
99.84−85.04 if 85.04 ≤ x < 99.84
1 if x ≥ 99.84
FN(x) =

0 if x < 70.007
4672
10000 if 70.007 ≤ x < 70.009 + 10(−10)
ln(x−66.19)
0.00030∗10000 if 70.009 + 10
(−10) ≤ x < 85.17
9706
10000 + (x− 85.17)
10000−9706
10000
99.84−85.17 if 85.17 ≤ x < 99.84
1 if x ≥ 99.84
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42. Szabó, L.; Mezősi, A.; Pató, Z.; Kelemen, Á.; Beöthy, Á.; Kácsor, E.; Kaderják, P.; Resch, G.; Liebmann, L.; Hiesl, A.; et al. South
East Europe Electricity Roadmap: Regional Report: South East Europe, Budapest, Hungary: REKK Regionális Energia- és
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